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Introduction
The achievement of the fourth Millennium Development Goal, which aims to reduce mortality amongst children under the age of 5 to one third of its 1990 level by the year 2015, remains one of the United Nations' global priorities (United Nations 2001). Recent trends in mortality suggest, however, that unless there are substantial reductions in neonatal mortality, that Goal will not be achieved (Lawn et al. 2005 ). Reviews of the global situation suggest that further reductions in mortality will only be possible if interventions are put in place to address the current shortcomings in the healthcare of mothers, newborn infants, and young children (Jones et al. 2003; Black et al. 2010) . Those implementing such interventions rely on cause-of-death information in order to prioritize disease-specific interventions and to increase their effectiveness (Baqui et al. 2001; Lawn et al. 2006 ).
The reduction of neonatal mortality is a particularly important and pressing issue in Bangladesh. Although infant and child mortality rates in Bangladesh declined sharply during the last decades of the twentieth century, the rate of decline has slowed down in recent years, particularly amongst neonates. Deaths occurring in the first month of life represent an increasing proportion of all deaths under age 5 in Bangladesh (NIPORT et al. 2011) . Recent estimates suggest that in 2009, 57 per cent of deaths in this age range occurred during the neonatal period in that country, whereas the figure had been only 39 per cent two decades earlier (Liu et al. 2011 ). Here we report on an analysis of the levels of, and trends in, neonatal deaths due to communicable and noncommunicable diseases in Bangladesh and the associated risk factors, both observed and unobserved. We believe the findings will help to inform the design of policies intended to reduce neonatal mortality in Bangladesh in particular, but also in many other countries in the developing world.
The study was focused on two classes of cause of death-communicable and noncommunicable diseases. We estimated competing-risk duration models of causes of death amongst infants during the neonatal period, that is, during the first 28 days after birth. Children who survived the neonatal period were treated as censored observations. The modelling procedure, which was more flexible than in many previous studies of the determinants of cause of death, combined a piecewise constant baseline hazard with proportionality assumptions about the influence of observed and unobserved risk factors for each cause. The model allowed the unobserved heterogeneity components in the two competing hazards for deaths due to communicable and non-communicable diseases to be correlated. The remaining area, which we will refer to as the 'comparison area', had only standard governmentprovided healthcare facilities. By comparing the two areas we hoped to gain insight into how the different healthcare services available shaped child health epidemiology within the two populations over the study period.
Background
The Health and Demographic Surveillance System (HDSS) run by ICDDR,B routinely records all births and deaths for a total population of about 220,000 (ICDDR,B 2006) . Causes of death are recorded through verbal autopsy. The HDSS also incorporates several indicators of the socioeconomic status of each household. The HDSS thus plays an important role by providing accurate information on vital events, including details of cause of death which are often unavailable in many data sets where resources for data collection are more constrained.
In 1977, ICDDR,B started to provide extensive additional maternal health, child health, and family planning services, over and above the existing government health services, in half of the region covered by the HDSS. This was our 'ICDDR,B area'. The other half of the region covered by the HDSS, continued to receive only standard government health services, and this was our 'comparison area'. Both areas were typical of rural Bangladesh. The programme of maternal and child health in the ICDDR,B area was introduced incrementally, phase by phase, (Phillips et al. 1984 ) and included the provision of domiciliary family planning services, simple education on nutrition, tetanus toxoid immunization for women of reproductive age, measles immunization, and community-based oral rehydration therapy. In addition several sub-centres provided treatment for minor illnesses and basic emergency obstetric care, and a permanent hospital provided treatment for diarrhoeal diseases. In order to understand how these better health services shaped child health, we compared the data from the ICDDR,B area with that from the comparison area, The HDSS data have been used in many previous studies of maternal and child health and mortality, such as those of Hale et al. (2006) , DaVanzo et al. (2008) and Saha and van Soest (2011) .
Hale et al. found that about 20 per cent of the difference between the ICDDR,B area and the comparison area in rates of infant and child mortality could be explained by differences in the patterns of reproduction in the two areas. DaVanzo et al. and Saha and van Soest analysed the relationship between the mortality outcomes of successive children and their birth spacing. These studies, and many others, did not take cause of death into account.
Studies of mortality using the HDSS data which do take cause of death into account include those of Bhatia (1989 ), Fauveau et al. (1991 , Karar et al. (2009), and Chowdhury et al. (2010) . Other studies have analysed causes of child mortality throughout Bangladesh using the Bangladesh Demographic and Health Surveys; see, for example, Baqui et al. (2006) and Liu et al. (2011) . Most studies of cause-specific neonatal deaths in developing countries, including those in the Matlab region, report neonatal mortality rates by age-group within the first month of life, because the age at which a death occurs can offer insight into its cause (Chen et al. 1980; Bhatia 1989; Baqui et al. 2001; Lawn et al. 2006; Karar et al. 2009; Chowdhury et al. 2010) . From the trends in mortality observed, however, it has become apparent that factors other than the health and family planning interventions put in place in Bangladesh influence levels of mortality within the country (Bhatia 1989) . In order to target the interventions more effectively it therefore seems important to discover which underlying factors are associated with particular causes of death, and to do so was the aim of the current study.
Duration models are often used in demographic and epidemiological research when the events to be modelled are associated with periods of time, such as 'time until marriage', 'time from marriage until the birth of a first child', or 'time until death' (Cox 1959; Heckman et al. 1985) .
Analysis of 'time until death' for alternative, or 'competing', causes to which a person might succumb yields knowledge about the timing of death from various types of disease, and such knowledge helps make it possible to target prevention policies more effectively. The analysis of cause-specific death can be related to the concept of competing risks (Cornfield 1957; Fine and Gray 1999; Coviello and Boggess 2004) . In a 'competing risk' situation in which an individual is at risk of death from several causes, the analysis of any one specific cause of death has to take account of the risk of death from all the 'competing' causes. For example, in one study it was found that the probability of a female developing cancer at some point during her life had increased by 25 per cent over a seven-year period, but that the largest part of the increase was accounted for by decreases in other causes of mortality (Goldberg et al. 1956 ). To our knowledge, our study is the first to apply a competing-risk model to the study of neonatal mortality in Bangladesh.
Studies of child deaths have shown that the survival chances of the children within a particular family are correlated and that variation in the risk of death between families remains even after controlling for observed covariates such as the age of the mother at the time of a birth, the sex of the child, or its race. This variation can be attributed to unobserved mother-specific heterogeneity that leads to risk factors that are common to all children of the same mother. For example, the children from a particular mother may all suffer from the same adverse genetic traits, or they may all suffer from the inability of their parents to take good care of them, or they may all be exposed to the same environmental factors (Mosley and Chen 1984; DasGupta 1990; Arulampalam and Bhalotra 2006) . Such common risk factors will often be specific to certain types of risks, such as communicable or non-communicable diseases. If, for example, a mother has a high propensity to give birth to children of low birth weight (a non-communicable cause of death), it is possible that all births to this mother will show evidence of low birth weight. Communicable diseases have risks in common within the same family since children may catch infectious diseases from their siblings (see, for example, DaVanzo et al. 2008) or they may all be put at risk by local environmental factors such as an unsafe water supply or limited access to healthcare.
Data
We combined the HDSS data on all live births and deaths of children for the ICDDR,B and 
Assignment of cause of death
The verbal autopsy method used by HDSS to assign the cause of an infant's death has been described extensively in the literature (see, for example, Chowdhury et al, 2010 and Karar et al. 2009 ), but it may be helpful to summarize here how a verbal autopsy is undertaken. There are several steps in the process. All deaths in Matlab are recorded during the monthly house-to-house visits. Shortly after recording the death of a child, a one-page Death Form is completed by an experienced, but medically untrained, interviewer from data supplied by the mother of the child, or 
2006
; Lawn et al. 2006; Karar et al. 2009; Chowdhury et al. 2010; Ronsmans et al. 2010 ).
The method of verbal autopsy has been widely used in many developing countries; see, e.g., Soleman et al. (2006) or Garenne and Fauvau (2005) . Validation studies have shown that the method is more reliable for some causes of death than for others (e.g., Marsh et al. 2003; Freeman et al. 2005 ), but since we grouped causes of death into two broad categories, communicable and non-communicable diseases, our study was less vulnerable that it would have otherwise to the misclassification of a cause. Moreover, Chowdhury et al. (2010) describe a study carried out in Matlab in which three physicians independently reviewed verbal autopsy interview data before a cause of death was assigned and entered on a death certificate. The prevalence rates for deaths due to communicable and non-communicable diseases in the period [2003] [2004] in our data are similar to those in Chowdhury et al., suggesting that the data on the distinction between communicable and non-communicable causes of death based upon our verbal autopsy data are of good quality..
Once the cause of death had been identified, we followed Karar et al. (2009) 
Socio-demographic variables
When selecting variables that drive mortality as covariates in our models, we followed the literature, and in particular Hale et al. (2006) and Saha and van Soest (2011) , who used the same data sources as we did. The existing studies suggest that the likelihood of a child surviving his or her first year varies with the sex, birth order, and year of birth of the child in question. By comparing across the birth cohorts observed between 1987 and 2005 it has been possible to capture the time trends in mortality and the epidemiological shifts that occurred in each of the three decades concerned. We used two dummies, dividing the total time covered by our data into the periods before 1993, 1993 to 1999, and 2000 to 2005 . Three birth-order variables were included to capture sibling effects on the risks of cause specific mortality; birth order was divided into 'first-order births', 'second-and third-order births' and 'forth-order births or above'. The following characteristics of parents thought to have a potential role in child mortality were also included in our models: the religion of the family, or at least whether or not they were Muslim; level of education received by both parents; occupation of the father, day labourers being differentiated from the rest; and the mother's age at the birth of each of her children. Mother's education was taken to be a proxy for child care skills and the ability to use modern healthcare services. Both father's education and occupation were included as indicators of socioeconomic status. Mortality also depends on the characteristics of the community in which individual families live, such as whether or not residents receive their water via a pipe, and the distance to the nearest health facility. The distance to health centre variable captures the availability of health services and the source of drinking water variable represents environmental effects on a child's survival chances. Summary statistics of the chosen variables, comparing those for the ICDDR,B area with those for the comparisons area are presented in Table 2 . area, where high-quality healthcare services were available; in the comparison area, where only standard government health services were in place, a rate of 42.3 was recorded. The latter figure is close to Bangladesh's national neonatal mortality rate of about 41 per 1,000 live births (see NIPORT et al. 2005) . The largest single cause of neonatal deaths was non-communicable diseases.
They accounted for 28.1 and 33.0 deaths per 1,000 live births in the ICDDR,B and comparison areas, respectively. Prematurity, or low birth weight, was the leading cause of death listed in Table   3 , accounting for 14.9 in deaths per 1,000 live births in the ICDDR,B area, and 15.5 in the comparison area. The second most important cause-of-death category in Table 3 is 'diagnosis not possible'. (A sensitivity analysis in which this group was excluded completely from the analysis, rather than being included in the non-communicable diseases category, gave conclusions similar to those of our main analysis; details are available upon request.) Among the deaths attributed to communicable diseases, the acute respiratory infections accounted for the greatest number: about 3.5 and 6.5 deaths per 1,000 live births in the ICDDR,B and comparison areas, respectively.
Table 3 about here
Before considering our competing-risks model we present the non-parametric cumulative incidence functions for the different causes of death, to show how the mortality rate from communicable and non-communicable diseases changes with the age of the child. The value of the cumulative incidence function of cause j at time t indicates the probability that a child will die from cause j before reaching age t, and is a function of the hazards of all the competing events (see, for example, Coviello and Boggess 2004) . It was estimated using sample fractions instead of probabilities: for cause j the estimated value of the cumulative incidence function at t days of age is the ratio of the number of children who died from that cause at, or before, age t divided by the total number of children in the sample. Figure 1 shows the cumulative incidence functions for neonatal deaths attributed to communicable and non-communicable diseases derived from the complete sample for each of the two areas. The Figure shows that most deaths from non-communicable diseases occur in the first few days after birth, whereas deaths from communicable diseases are more evenly spread over the whole of the neonatal period. The shape of the curves are quite similar in the two areas, although the levels of mortality are not.
---Figure 1 approximately here ---

Model
The modelling approach we adopted in our analysis was built on the concept of competing risks.
We take ij δ to be equal to 1 if child i dies from cause j (j =1,2) during the first 28 days after birth.
We assumed that each neonatal death was the result of just one single cause, the main cause of death, so we exclude the possibility that the child dies from multiple causes simultaneously. In our model we use two competing causes of death: a child can die from a communicable disease or a non-communicable disease. The hazard of dying from cause j at age t is denoted by ) (t j λ , where t refers to the age of the child in days and can range in value from0 to 27. In the competing-risks model, a child is observed until it dies from one of the two possible causes of death or until it survives to the end of the neonatal period. The observed survival time, or age at death, of child i is therefore given by T i = min(T i1 ,T i2, C i ). In our case C i =28 days. So T i is the age of death in days in the case of a neonatal death and 28 days when a child survives the neonatal period.
is the hazard of dying from a communicable disease and ) ( 2 t λ the hazard of dying from a non-communicable disease at age t. The hazard of dying at age t from all possible causes is given in our model by )
. This sum corresponds to the single hazard of dying in the basic hazard model.
The hazard rates are specified as the following mixed proportional hazards (see, for example, Manton et al. 1981) :
where exp(z) denotes e z The hazard rates are functions of age t, the explanatory variables
; selected characteristics of the child, the mother and the community in which they live, which in our model are assumed not to vary over the neonatal period; and mother-specific (unobserved) heterogeneity that remains constant over the time period that the mother has her children, such as generic traits, parental care abilities, or environmental factors j v . The relative risks associated with explanatory variables x are captured by exp(xβ j ), j=1,2. Age dependence of the hazard is incorporated using a piecewise constant baseline hazard ) ( 0 t j λ . The baseline hazard captures the age-specific shape of the hazard, which is common to all individuals. Thus for each cause of death j, we have , t 0 = 0, and t H = 28 days. We experimented with several partitions of the 28 days into age intervals and found the model performed best when H=5 and the age intervals 0 ( dies before end of first day), 1 (dies on second day), 2, 3-6 days and 7-27 days (survives the first week but dies before the end of the first four weeks) were used. For identification of all the parameters of the baseline hazard we need to restrict one of the hj γ (h=1,…,H) to 0 for each j. We chose = 0. Thus, 0 j β determines the hazard of death in the final age interval and the other hj γ terms determine the ratio of the hazard in each previous interval to the hazard in the final interval.
We wished to emphasise the specification of unobserved heterogeneity , 1, 2,
to capture unobserved factors which affected the chances that a child would survive its first month of life. Had these factors been ignored our parameter estimates might have been biased. In principle, unobserved heterogeneity can be child-specific, mother-specific, or community-specific. Following several previous studies which emphasized the role of mother-specific heterogeneity or 'frailty,' (Sastry 1997; Arulampalam and Bhalotra 2006) we focused on mother-specific heterogeneity; but community-specific unobserved heterogeneity could be incorporated in a very similar way and is discussed briefly in Section 5.1. The unobserved heterogeneity terms, 0 j v > (j=1,2), are timeindependent and also independent of the observed characteristics, x, but they were allowed to be correlated with each other, thus inducing potential correlation between the hazards of dying from different causes of death. The correlation was easy to incorporate using the following discrete distribution of 
. α 1 ≠ These parameters were estimated jointly using the maximum likelihood estimation technique, and details of the likelihood function are available upon request. The covariance matrix of the unobserved heterogeneity terms was estimated ex post, since it is a function of the model parameters. This also applies to the total survival and cumulative incidence functions. The total survival function, at age t is defined as the probability of not dying from either a communicable or a non-communicable disease before age t (conditional on observed and unobserved heterogeneity). It is given by:
The cumulative incidence function of cause j is the probability of dying due to cause j before age t.
In Section 3, we have already presented the empirical cumulative incidence functions for various causes for the complete samples from the two areas. Based upon the model, we were also able to estimate the cumulative incidence functions for a specific child, that is, conditional on observed and unobserved heterogeneity. They are given by:
Integrating out the observed and unobserved heterogeneity, we were also able to obtain the average total survival and cumulative incidence functions for a child with given observed individual and family characteristics x and with mother specific unobserved heterogeneity
Note that the sum of all cumulative incidence functions at a given age is equal to 1 minus the total survival function at that age, i.e., 
Results
Model selection
We estimated several specifications of our model, with and without several forms of unobserved heterogeneity, and for the ICDDR,B area and comparison area separately as well as jointly, either with an area dummy in each hazard or with interactions between the area dummy and all the covariates. Table 4 summarizes the goodness of fit of all these specifications. The first double column presents the results of the joint models without interactions, and the second double column presents the results of the joint models with interactions in the proportional hazard part. The third double column presents the results of separate models for the two areas, which is equivalent to including interactions in the baseline hazards, the unobserved heterogeneity parameters, and the proportional hazard part. The rows in Table 4 represent different versions of the model with different specifications of unobserved heterogeneity. Row 1 represents a version where there is assumed to be no unobserved heterogeneity; row 2 a version with discrete mother-specific, unobserved heterogeneity as specified in Section 4; row 3 a version incorporating discrete, community-specific, unobserved heterogeneity; row 4 a version including bivariate normal, motherspecific, unobserved heterogeneity.
Table 4 about here
The maximum values of the likelihood function for alternative model specifications can be compared across the columns of Table 4 using standard likelihood ratio tests (see, e.g. Cameron & Trivedi 2005) . The conclusions are the same for each row of the table: the joint model with only an area dummy (double column 1) cannot be rejected when compared against either of the two more general models that allowed for more differences between the coefficients for the ICDDR,B area and the comparison area. This suggests we can focus on the more parsimonious models in column 1.
Comparisons between the rows of Table 4 is less straightforward. The models in the first row are nested within the corresponding models shown in the other rows but, since the models without unobserved heterogeneity fix the parameter values to the lower limits of the parameter range, standard likelihood ratio tests cannot be used (see, for example, Self and Liang 1987) .
Nevertheless, according to common selection criteria for econometric models, the models in row 1
of Table 4 are clearly outperformed by their counterparts in row 2, which include discrete, motherspecific, unobserved heterogeneity. By 'common selection criteria' we refer to such criteria as the Akaike Information Criterion, according to which the lower the value of the calculation 2(number of parameters -log likelihood), the better the fit of the model, or the Bayes Information Criterion, where again a lower value of the calculation (-2 log likelihood + (number of parameters)log(number of observations) indicates a better fit). Applying the same criteria to compare the non-nested models, the models in row 2 also outperform the models in row 3, which include community-specific unobserved heterogeneity, and the models in row 4, which include bivariate normal unobserved heterogeneity. The bivariate normal models have fewer parameters:
the unobserved heterogeneity terms are the exponentials of two terms with a bivariate normal distribution with mean 0 and an arbitrary covariance matrix specified by three parameters, in contrast to the five parameters included in the discrete distribution models shown in row 2. But the smaller number of parameters of the bivariate normal model does not compensate for the difference between the log likelihoods in row 4 and row 2. For example, calculating the Bayes Information Criterion, since it has a larger penalty than the Akaike Information Criterion when more parameters are included in a model, taking the first column and comparing the second and fourth rows yield figures of 58,594 and 58,604, respectively. The smaller figures for row 2 indicate that we should prefer the models from this row, which incorporate discrete, mother-specific, unobserved heterogeneity. The way unobserved heterogeneity is captured in the models in row 2 thus becomes our benchmark specification of unobserved heterogeneity.
Parameter estimates
The parameter estimates for certain models, selected from amongst those in Table 4 , are presented
in Tables 5 and 6. Table 5 presents, as hazard ratios, exp(β j ), the parameter estimates for the joint model, first without unobserved heterogeneity (column1, row 1 in Table 4 ), and then with discrete, mother-specific, unobserved heterogeneity (column 1, row 2 in Table 4 ), which is our benchmark specification. While the latter is our preferred model, we also present the model without unobserved heterogeneity, which we used to analyse the effect of incorporating unobserved heterogeneity on the other parameter estimates. In fact, the effect of incorporating unobserved heterogeneity is quite small: the parameter estimates derived from the two specifications, with or without unobserved heterogeneity, are very similar, as are their significance levels. This similarity is somewhat surprising because the model with unobserved heterogeneity fits the data much better and the estimation results of the model with unobserved heterogeneity also imply a significant correlation between the two unobserved heterogeneity terms and the hazard of dying from either a communicable disease or a non-communicable disease. The estimate of the auxiliary parameter, α 21, which drives this correlation, is not presented in Table 5 but is significant. The estimates of the covariance structure imply a correlation of 0.456 between the frailty terms ln(v 1 ) and ln(v 2 ) in the two hazards. The estimated variances for ln(v 1 ) and ln(v 2 ) are 0.197 and 0.597 respectively. Thus, although these figures imply an apparent misspecification of the standard model without unobserved heterogeneity, this model still gives the same substantive conclusions about the covariate effects on the hazard rates as the model without unobserved heterogeneity.
Table 5 about here
The comparison area hazard ratios in columns 2 and 4 of Table 5 show that children are about 84 per cent more likely to die from a communicable disease in the comparison area than in the ICDDR,B area, a statistically significant difference. The odds of dying from a noncommunicable disease are, on the other hand, similar in the two areas; there is only a 10 per cent difference, and this is not significant. These findings are in line with the larger difference between the two areas in mortality from communicable diseases than in mortality from non-communicable diseases, as shown in Figure 1 . Boys are significantly more likely than girls in similar families and circumstances to die of either communicable or non-communicable diseases. The difference in the odds ratios between the sexes is larger for communicable diseases than for non-communicable diseases. The figures show that a family's religion plays no significant role in the chances that a child from that family dies from either cause in the first four weeks of life. Table 5 show that first-born children are at higher risk than higher-order births of neonatal mortality; there are no significant differences amongst birth orders two or higher. The effect of being a first birth is much larger and more significant for noncommunicable diseases than for communicable diseases. The hazards tend to fall with the mother's age at the child's birth, although not all the differences are statistically significant. The risk of dying from both communicable and non-communicable diseases in the neonatal period decreases significantly over time. The risk of dying from a communicable disease fell particularly strongly during the 2000-05 period.
The hazards of dying from both communicable and non-communicable diseases rise significantly as the distance to the nearest health centre increases, and the effect is somewhat larger for communicable than for non-communicable diseases. The other community-specific variable, no tube-well or piped water, is not significant.
A monotonically decreasing trend can be observed in the baseline hazard of dying from a non-communicable disease: the hazard of dying is greatest on the day of birth but already much lower one day after birth, and continues to decrease for the rest of the neonatal period. In contrast, there is quite a different pattern for communicable diseases: the hazard of dying from one of these diseases increases over the first few days of life and only then starts to fall, gradually. This difference is in line with the results presented in Figure 1 which shows, as we already saw, that deaths attributed to communicable diseases were much less likely to occur in the first few days after birth. Table 6 presents separate estimates for the ICDDR,B area (columns (1) and (3)) and the comparison area (columns (2) and (4)), using the model with discrete, mother-specific, unobserved heterogeneity. As we saw in Section 5.1, there is no statistical evidence that we should use these separate models rather than the joint model but it may still be instructive to look at some of the estimated hazard ratios when the areas are treated separately. For example, for both communicable and non-communicable diseases the estimated difference in mortality between the sexes is larger in the ICDDR,B area than in the comparison area, suggesting that the additional health services in the ICDDR,B area may have been of particular benefit to male children. The differences are not significant at the 5 per cent level, however. Distance to the nearest health centre seems to have had an impact on mortality only in the comparison area; this is understandable as the distance to the nearest health centre is typically much greater in the latter area than in the ICDDR,B area, as shown in Table 2 . The estimated baseline hazards are similar in the two areas. There seems to have been a rather large difference between the variances of the unobserved heterogeneity terms in both areas, but these are not very precisely determined and, as we saw previously, they had little effect on the other estimates. The estimated correlation coefficients between the two log frailty terms (calculated from the variances and covariances at the bottom of Table 6 ) are both significantly positive and 0.30 for the ICDDR,B area and 0.67 for the comparison area. 
Cumulative incidence functions
The cumulative incidence functions corresponding to the models with deaths attributed to communicable diseases versus non-communicable diseases for a reference births (female child from the 1987-1992 cohort, born into a Muslim family and to a mother aged between 20 and 24, neither parent has any education, father does not work as a day-labourer, water from a tube well or a pipe, living at average distance from the nearest health centre) in both areas are shown in Figure 2 . They are substantially different from those for the complete sample in Figure 1 since the socio-economic characteristics of the benchmark case are not representative of the sample average. The lines in the graph confirm our conclusions from the baseline hazards in Table 5 : the lines for noncommunicable diseases rise much more steeply in the first few days of life than do the lines for communicable diseases. The shape but not the level of the lines for the two causes is similar in both areas. The cumulative number of deaths from both communicable diseases and non-communicable diseases is always higher in the comparison area than in the ICDDR,B area, but the difference between the two areas is much greater for communicable diseases than for non-communicable diseases.
--- Figure 2 approximately here ---
Discussion
We analysed neonatal mortality in Matlab, Bangladesh, over the period 1987-2005, when, as shown in Table 3 (Bhatia 1989; Baqui et al. 2001) . This is reflected in our cause-of-death data, shown in Table 3 , which indicates that mortality rates from neonatal tetanus were 0.32 per 1,000 live births in the ICDDR,B area and 2.47 in the comparison area. During the study period, the causes categorized as 'prematurity/low birth weight' were the leading causes of neonatal deaths in both areas in our study. This result is consistent with global findings, which point to preterm birth and low birth weight as major causes of neonatal death (Lawn et al. 2006) . The age at which a child dies from a disease is an important phenomenon in epidemiological studies. Our findings show that the number deaths from non-communicable diseases, which occur mainly 1-6 days after birth, fell over the study period, but that the number of deaths attributed to communicable diseases increased. Previous studies of Matlab (Bhatia 1989; Chowdhury et al. 2010) have reported that the ICDDR,B program significantly reduced neonatal mortality in the 24 hours after birth. Our results, however, show that the mortality rate changes with age in a similar fashion for communicable diseases as well as non-communicable diseases in both areas.
At each day after birth, the cumulative number of deaths from both communicable and noncommunicable diseases was larger in the comparison area than in the ICDDR,B area. In both areas male children were more likely than female children to die from both categories of disease. The difference between the sexes was greatest for communicable diseases in the ICDDR,B area, where boys were almost 72 per cent more likely than girls to succumb to these diseases (see Table 6 ). In the case of deaths from non-communicable diseases, the (rather smaller) male disadvantage was mainly the result of deaths in the 'neonatal conditions' category (NCs in the right hand column of Table 1 ), that is those caused by birth asphyxia, conditions specific to the neo-natal period, congenital abnormalities, and obstetric complications. These figures are consistent with the findings of other studies which show that infant mortality is inherently higher amongst boys than it is amongst girls, although the situation can be reversed if female children are born into a setting in which they are culturally, socially, or economically disadvantaged (Waldron 1983; Chowdhury et al. 2010) . The large disadvantage for boys in the ICDDR,B area suggests that the extensive health services introduced in the ICDDR,B area reduced the influence of any such factors. These findings give additional insight into the causes of differences between the sexes in child mortality, whereas an earlier study could reveal only the overall improvement in the survival of female children survival in the ICDDR,B area in the 1970-1995 period (Datta and Bairagi 2000).
When socioeconomic indicators such as parents' education and father's occupation were kept constant, the risk of death from a non-communicable disease was significantly higher for firstborn children and the children of young mothers than for other children, indicating that physiology, rather than socio-economic factors, played a role in these deaths (Bhatia 1989) . If a mother was educated this substantially reduced the likelihood that her child would succumb to a neonatal death from a non-communicable disease, and this is again consistent with general findings in the literature on child mortality (e.g., Dancer et al. 2008 ).
In both the ICDDR,B area and the comparison area, we found substantial differences between the three cohorts in their risk of dying from both communicable diseases and noncommunicable diseases in the neonatal period. In the comparison area the risk of dying from a communicable disease fell particularly strongly during the 2000-05 period, and the number of deaths from non-communicable diseases fell over time from 1987 till 2005 in both areas. We also undertook an analysis using models with four exits: death from a neonatal-related cause (NCs in the right hand column of Table 1 Our study contributed an important improvement in the models used to study infant mortality by allowing for correlated unobserved heterogeneity, inducing correlation between competing hazards. This was useful because we were unable to include some potentially relevant covariates, such as use of antenatal care, birth practice, and genetic traits in our models, and any of these factors could have led to mother-specific, unobserved variation in the outcomes in which we were interested. In fact, we found clear evidence of unobserved heterogeneity and a positive correlation between the unobserved heterogeneity terms in the hazards of death from both communicable diseases and non-communicable diseases. Moreover, a model with mother-specific, unobserved heterogeneity performs better than a model with community-specific, unobserved heterogeneity, and a discrete distribution of unobserved heterogeneity fits the data better than a more common, continuous distribution. This suggests that this kind of model is a substantial improvement on the use of single-cause models (see for example Black et al. 2010 ). Bijwaard and Ridder (2005) demonstrated, using a Monte Carlo study, that, even when unobserved heterogeneity is known to exist, standard estimation methods often do not find evidence of this. A model with significant unobserved heterogeneity is therefore strong evidence that this heterogeneity really plays a role in explaining the neonatal mortality.
We should note, however, that using this advanced procedure, with either mother-specific or community-specific, unobserved heterogeneity, has hardly any effect on the substantive conclusions about how hazard rates vary over the neonatal period or how they relate to any of the covariates. Our conclusions remained unchanged after we disaggregated non-communicable diseases into three groups of cause of death and analysed four competing risks. This may have been because repeated deaths in the same family have become less common in Matlab, which appears to have entered the third stage of the demographic transition (see Karar et al. 2009 ). Another reason may be that incorporating unobserved heterogeneity is particularly important for longer durations of life and we studied deaths in the neonatal period only.
Our model without any interactions with an area dummy could not be rejected when compared against more general models that allowed for area differences in the covariate effects or baseline hazards. We thus found a higher likelihood of neonatal deaths from both communicable diseases and non-communicable diseases in the comparison area across both socioeconomic groups and time periods. Our findings highlight the contribution to the reduction of neonatal mortality that can be made by high-quality health services and specific interventions to improve maternal and child health, whether at the antenatal, intra-partum, or postnatal stage. Tetanus toxoid immunization for pregnant women has been particularly important in eliminating deaths from neonatal tetanus, but in order to achieve the reductions in child mortality sought by the fourth Millennium Development Goal, strategies to target both acute respiratory diseases and the causes of neonatal deaths occurring within three days of birth remain necessary. Cause-of-death label Cause-of-death categories used in Table 3 Categories used in two-exit model (Table 4 & 5)
Categories used in fourexit model (results not shown in text ) (190, 192, 193, 452, 458) (293, 344, 420, 460, 461, 552, 55, 5, 559, 691, 738) Bhatia (1989) , Chowdhury et al. (2010) and the Child Health Epidemiology Reference Group of WHO and UNICEF (see, for example, Liu et al. 2011) .
Source: Health and Demographic Surveillance System, Matlab, Bangladesh 
